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The Survey of Consumer Finances (SCF) uses a bootstrap technique for computing
estimates of sampling variance. Although bootstrap procedures may not always be the
theoretically best option (Sitter, 1992), in surveys with samples as complicated as that for the
SCF, there is sometimes no other feasible general aternative. To provide reasonable estimates
of sampling variances, bootstrap methods should exploit the important dimensions of variability
within the set of completed survey cases, that might have occurred in the selection of the original
sample and its implementation in the field. 1n the SCF application of this approach, sample
replicates are selected, and weights are computed for each of these replicates using the standard
weighting SCF algorithm (Kennickell and Woodburn, 1999) as if each of the selected replicates
were the full set of completed cases.

Over time, the variances estimated for the SCF have been subjected to intensive review,
but for many of the estimates made with the survey, it is very difficult to develop areliable
alternative estimate to use for comparison. However for percent distributions, the smple
random sampling (SRS) estimator of variance provides a point of reference. Recent work
looking at percent distributions of the population over wealth groups using SCF data revealed
that the estimated variances for these estimates are implausibly larger than the SRS estimates.
Thiswork led to further review of the SCF variance estimation methodology and the proposed
revisions presented in this paper.

The first section of this paper gives some background on the survey and discusses the
framework used for estimating sampling variances for the survey. The second section presents a
set of the estimates that provoked this review and discusses the sources of what may be
characterized as excessive estimated variability. The third section proposes a modification of the
variance estimation procedure for the SCF. The final section summarizes the paper and offers
some thoughts for future research.

I. SCF variance estimation methodology
A. Background on the survey and its sample design

Beginning with 1983, the SCF has been conducted on a triennial basis. The 1989 survey
marked a mgjor revision of the methodology for the survey, which has been maintained as
constant as possible since then. The SCF is sponsored by the Board of Governors of the Federal
Reserve System in cooperation with the Statistics of Income Division (SOI) of the Internal
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Revenue Service. Before 1992, the data for the survey were collected by the Survey Research
Center at the University of Michigan, and since that time, the data have been collected by the
National Opinion Research Center at the University of Chicago.

The survey isintended to collect detailed information on the finances of U.S. families,
and this mission has a strong effect in determining the sample design. Many populations
characteristics, such as ownership of credit cards and home mortgages are widely distributed.
However, it is also the case the wealth is highly concentrated (Kennickell, 2000), and EPSEM
samples will be very unlikely to obtain sufficient cases to support sufficiently robust estimation
of many wesdlth-related characteristics. Moreover, the available evidence suggests strongly that
nonresponse is correlated with wealth (Kennickell and McManus, 1993), and estimation that
does not have a means of dealing with this problem will produce biased estimates of many
statistics.

To address these constraints of the survey, the SCF employs a dual-frame sample design.
One part is an national multi-stage area-probability (AP) sample that gives good coverage of the
general population (Tourangeau et al., 1993). The second part of the sample is selected as alist
from statistical records derived from tax returns by SOI; this sample is designed to over-sample
wealthy households (Kennickell 1998b). This list sample provides a large number of
observations to support analysis of many characteristics that are strongly influenced by the upper
tail of the wealth distribution, and the sample also gives a powerful tool for dealing with
nonresponse that is associated with wealth.

The AP sample is selected in stages.® At the first stage, the U.S. is divided into
geographic groups ranging in size from the very largest metropolitan areas to individual rural
counties. Some areas are selected as primary sampling units (PSUs) with probability one; in the
most recent AP sample that formed the basis of the 1998 SCF, there were 19 such areas. The
remaining areas are stratified by various factors, and PSUs are selected from the strata with
probabilities proportional to the populations of the areas. In the sample used for the 1998 SCF,
there were 81 non-self-representing PSUs.  Within each of the selected PSUs, sub-areas are

There are some differences in the SCF sample designs over time. Where there are
differences in detail, the exposition in this paper follows the design of the 1998 survey.
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selected using another stratification scheme. From the lowest geographical unit—roughly, the
“pblock” level—individual housing units are selected.

There is only one sense in which there is meaningful dependence between the AP and list
samples. In order to limit the cost and management complexity of the survey, the geographic
range of the list sample is constrained to the first-stage PSUs selected for the AP sample. As
Frankel and Kennickel (1995) have noted, the distribution of wealthifefa across the country
differs substantially from that of the general population. Thus, using the population-based PSU
selections for the AP sample makes the estimates provided by the list sample less efficient than
they might be if the areas chosen for the list sample were optimized independently. However, as
those authors concluded, taking all of the PSUs together, the coverage of wealthy households is
sufficiently good. Given the set of PSUs, the list sample cases are selected from the SOI data
stratified by a “wealth index,” which is an approximation of the relative wealth of each sample
element.

B. A summary of sampling variance estimation procedures in the SCF

As is commonly the case, the sampling variance estimation methodology used for the
SCF attempts to mimic the sort of variation that was associated with the actual selection and
execution of the survey. The SCF uses a bootstrap procedure to draw 999 replicate samples
from the completed sets of AP sample cases and list sample cases, and a weight is calculated for
each replicate using the same procedures applied for the full set of observations (see Kennickell
and Woodburn, 1999). An estimate of the sampling véityabf a given survey estimate is
obtained by making the estimate with each replicate (and weight, where appropriate) and then
computing the standard deviation of the replicate estimates.

Following the practice of many other surveys, the replicate samples chosen from the
completed AP cases take the level of PSU selection as the basic unit of variability for the non-
self-representing areas. The original sample was drawn in such a way that the non-self-
representing PSUs may be grouped into pseudo-strata. Generally, there are two PSUs per
pseudo-stratum, but in some cases there are three such areas. For the bootstrap samples, these
PSUs are sampled with replacement from the pseudo-strata up to the number of areas originally
selected. For the self-representing areas, comparable pairs of sub-areas serve as the basis of the
replicate sample. As input into the analysis weight constructed for each replicate, a post-
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stratification-adjusted weight for the AP sample cases alone is computed using the original
selection weights, the original number of cases selected in each PSU, and various other post-
strata controls including the age of the head of the household and the housing tenure status of
households.

Reflecting the common geographic structure of the two parts of the SCF sample, when a
given non-salf-representing PSU is selected into an AP bootstrap replicate, al list sample cases
in that area are included in the corresponding list sample replicate. Because the list sample does
not employ any of the geographic selection below the PSU level in the AP sample, it is not
possible to make use of the sub-areas in the self-representing areas for constructing the bootstrap
replicates. In such areas, bootstrap samples are selected by simple random sampling with
replacement within the wealth index strata, where the number of cases selected is equal to the
number originally interviewed in those areas. In parallel with the AP replicate sample weights,
non-response adjusted post-stratification weights are also computed for the list sample replicates
using frame information, including wealth index stratum totals, a measure of financial income,
and geographic information.

There are at least two ways that one might use the two parts of the sample for joint
estimation. First, one might make estimates with each part separately, and then use information
on relative sample sizes and other information related to differential estimation bias and
efficiency to pool the separate estimates. This approach raises several problems. Such
estimation would require information on the sample design to be included in the public version
of the SCF dataset, but such information cannot be released for confidentiality reasons. There
are also response and frame problems in both samples that would require complex adjustments
in order to avoid bias. Moreover, even if the necessary information for such calculations could
be given to users, such an exercise would have to be performed for every estimate. For all of
these reasons, this approach to pooled estimation is not followed in the SCF.

A second approach isto develop a combined weight for the two parts of the sample. In
this case, there is no need to release detailed sample data, and the complex analysis of the
relative strengths of the two samples needs to be done only once. The most straightforward way
of combining the weights would be to compute for a given casei



w,=n! = [nfp + nfs - n’fpnfs -1
where W represents the combined weight, which is equal to the inverse of T;, the joint
probability of observation (the product of the probability of selection and the probability of
response) under either sample. Unfortunately, the probability of response is not clearly known
for either sample. Using the methods referred to above, it is possible to make some steps toward
an adjusted weight for each sample independently. But computing such weights for cases under
the alternative sample raises far too many complications and the need for far too many
assumptions for this approach to be useful.

As an alternative means of computing combined weights for the two samples, the SCF
employs a post-stratification technique using sample-based estimates of the number of
households in various post-strata defined in terms of their gross assets. In general, the list
sample is assumed to represent better the top end of the wealth distribution than does the AP
sample, and it also offers some means of adjusting for differential nonresponse in that wealth
region. In contrast, the AP sample does a much better job than the list sample of representing
the lower end of the distribution—indeed, the list sample does not contain any households that
did not file a tax return. In the range between these extremes of wealth, both samples are
informative. Within each post-stratum, the final separate sample weights are multiplied by a
factor that accounts for the relative contribution of each sample to the estimate of the number of
observations in the post-stratdnt-or the top wealth groups, the post-stratum totals are forced to
the estimate derived purely from the list sample. For the remaining post-strata, the overall total
is set by the difference between an overall population estimate derived from the March Current
Population Survey and the total for the top groups. Finally, the merged weight is further

?In gross asset post-stratumii, let N,, = weighted number of AP cases, N, = weighted
number of list cases, n, = the unweighted number of AP cases, n, = the unweighted number of
list cases, and let R, = (ndN)/[(n/N,p) + (ny/N;)] for s={al}. Thenfor casej from samplesin
post-stratumi, COMBINED_WGT, = R, * AP_WGT, + R, * LIST_WGT, , where AP_WGT; is
the nonresponse-adjusted AP weight (equal to zero for list cases), and LIST_WGT; isthe
nonresponse-adjusted list weight (equal to zero for AP cases). |If the weighted number of AP and
list cases were the same in each post-stratum (i.e., N;.=N;), then the rescaling would reduce to a
simple proportional adjustment based on the relative sample counts.
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adjusted to ensure alignment of key populations characteristics, such as the age distribution.
This weight, computed for all the bootstrap replicates, serves as the basis for many types of
sampling variance estimation in the SCF

I1. Possible sources of inflation of the estimated sampling variances
Figure 1 presents estimates of the standard error due to sampling for estimates of the
percent of families with net worth in arange of groupsin 1998. Such estimates are given for

what would be expected under simple random sampling with the same number of observations as

Figure 1: Estimates of sampling variance of proportion of families in various net
worth groups; simple random sampling estimate, standard SCF estimates, and
estimate using area-probability sample alone (adjusted for sample size
difference); 1998 SCF.
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the full 1998 SCF, for the actual sample under the variance estimation methodology outlined in
the previous section, and for the AP sample aone.?

From the figure, it is quite clear that estimates made using only the AP sample and the
adjusted replicate weights for that sample, have lower standard errors than would be the case
under an equivalent sized simple random sample (that is, the design effect is estimated to be less
than one). But when the list sample is included and the merged weights are used, the estimated
standard errors are larger than the corresponding estimates for the AP sample in all instances,
and larger than the simple random sampling estimates by an increasingly larger margin with
increasing levels of wealth. Theideathat one might actually suffer a substantial loss in precision
from the inclusion of the list sample cases appears questionable, and the size of the loss seems
implausible. A similar pattern of large variability in estimates using the full sample relative to
estimates using the AP sample alone is sustained for many other estimates that are influenced by
the upper part of the wealth distribution (for example, estimates of wealth concentration). The
need to resolve this problem was the motivation for the investigation that led to the work
reported in this paper.

The calculation of the replicate weights offers many places where a distortion might be
introduced into the variance estimates, even if the “main” analysis weight were not affected.
Intensive review of the software did not reveal any errors at the level of the implementation of
the weighting algorithm. In conducting a number of experiments to extract the contribution to
estimated variance of the individual adjustments within the algorithm, it quickly became clear
that a large inflation of estimated variances occurs when the AP and list samples are assembled
using the post-stratification technique described above, rather than at a more elemental levels of
the calculation. If this inflation is inappropriately large, the fault lies in a conceptual error in the
weighting design, the use of input data that are corrupted in some sense, or a combination of the

two.

*The AP egtimate were computed using the separate bootstrap replicate weights for that
sample The AP cases comprises about two-thirds the observation in the full survey. To put the
estimates on an approximately comparable basis, the standard error estimates for the AP sample
have been reduced by the square root of the ratio of the number of AP observationsto the
number of observations in both samples.
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One could argue for alternative weight specifications (indeed, such feedback is
welcome), but in designing the weights reported in Kennickell and Woodburn (1999), those
authors developed compelling reasons to support the current design. On the bootstrap selection
side, there are several possible sources of problems, of which two are potentially important
enough to report here. First, as noted earlier in this paper, the grouped PSUs in the non-self-
representing areas are much farther from being as well-balanced in terms of numbers of wealthy
households than they are in terms of overall numbers of households of al types. Considering
only cases in top four list sample strata—the wealthiest cases—the mean ratio of the number of
such observations in the smaller of a pair (or the second largest for groups of three) to the
number in the largest in a group for the non-self-representing areas is about 66 percent, and the
standard deviation of the estimate is about 30 percentage points. However, only about 45
percent of the observations in the list sample are in non-self-representing areas, and adding
specific controls to force the number of cases selected by stratum to be constant across the
replicates does not alter the estimated variances very much. Second, the number of actual
(unduplicated) observations in the list sample varies considerably. For the 1998 SCF, the mean
number of list sample observations selected into a bootstrap replicate was 664 out of an actual
sample size of 1,496—or only 44 percent of the number of completed interviews in this sample.
If one were comparing simple random samples, the expected standard error due to sampling for a
sample of 664 would be about 50 percent larger than would be the case for a sample of 1,496,
suggesting a possible basis for addressing the tyialbthe post-stratum estimates. A related
issue is the amount of variability allowed across PSUs in the distribution of observations. The
survey contract called for a minimum number of observations in each of the list sample strata,
and great pains are taken to try, to the degree feasible, to avoid concentrated geographic areas of
nonresponse. For the non-self-representing areas, such variation in the replicate samples follows
directly from the sampling within PSU groups. For the self-representing areas, the bootstrap
selection randomizes over all such PSUs within strata, and one result is that many replicates
contain observations that are far more clustered geographically than would have been permitted
in fact.

If the correlation of the wealth index used in creating the list sample strata and other
possible post-stratifiers for that sample were very strongly correlated with actual net worth, it
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might be that the variability of the gross assets cell totals used in the post-stratification could be
correspondingly reduced. Kennickell (1998a) provides detailed information on the relationship
between net worth and the original wealth index used in constructing the sampling strata, and
figure 2 gives an update for the 1998 SCF of one of the key figuresin that paper. The figure
divides the list sample into unweighted deciles of net worth (given by the stack of rectanglesin
the figure, with the highest decile at the top), and within each decile, the figure shows an
estimate of the density of the wedlth index.* 1f the wealth index and net worth were perfectly
correlated, the distributions in the rectangles would be clustered around a diagonal band from the
lower left to the upper right. Although there is a notable diagonal clustering, the values of the
index also stray far beyond the diagonal in every net worth decile. Thus, although there is
clearly power in the original design variables, it is also clear that randome samples with

sampling strata can have large variability in their wealth estimates.

*The breakpoints of the decile groups (in thousands of 1998 dollars) beginning with the
10™ percentile point are 93; 313; 628; 1,240; 2,173; 3,983; 7,294; 14,942; 35,962.



Figure 2: Distribution of wealth index by unweighted deciles of net worth, 1998 SCF.
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[11. A proposed alternative for variance estimation in the SCF

If one accepts that the variance of the post-stratum estimates used in combining the AP
and list sample weights is artificially inflated, as suggested by the results of the last section, one
might take one of three approaches: make changes in the structure of the bootstrap replicates,
make adjustments to the final estimated standard errors, or make adjustments at the point of the
post-stratification procedure. For the first possibility, it is difficult to see how a change in the
type of bootstrap sample could have a major effect on the relevant component of the estimated
variance without some sort of control on the frequency with which observations are selected for
a given replicate and the geographic variability of those selections; clarity in the implementation
of the bootstrap procedure at that level and a desire not to suppress other typesiliby variab
where no problem is evident both argue against this appfoRoh.the second possibility, it
would, in principle, be straightforward to make an adjustment to the final standard error
estimates if one had a particular rationale. However, a problem with an adjustment at this stage
is that it is hard to think of a rule for segregating the effect of the post-stratification variability
that would be appropriate across a very broad range of estimates. For the third possibility, the
one proposed here, adjustment at the level of the actual post-stratification targets the intervention
directly at the point where the variance inflation occurs. Given the choice of this method, there
is a need to determine an appropriate adjustment.

One approach that is simple to implement at the post-stratification step is to pool the
information on the size of the post-strata estimated from both the bootstrap list sample replicates
and the full sample of list sample cases as givén by

axBoostrap estimate + (1-a)*Full sample estimate, ac(0,1).
To give a sense of the effects of various degrees of pooling, figure 3 adds a number of pooled

estimates to the estimates shown in figure 1. The pooled series shown in the figure are generated
by taking values o equal to 1 (the original approach, labeled “K&W”), 0.5, 0.25, 0.1, and O.

*Another possibility might be to select the bootstrap samples from the gross asset strata,
but such an approach seems to move too far from the original design.

®This approach has some motivation in common with “Fay’s approach” to balanced
repeated replication as reported in Judkins (1990).
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Figure 3: Estimates of sampling variance of proportion of families in various net
worth groups; simple random sampling estimate, standard SCF estimates,
estimates based on various pooled pooled post-strata estimates, and estimate
using area-probability sample alone (adjusted for sample size difference); 1998
SCF.
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As expected from the nature of the weight construction, the largest effect of the pooling is on the
estimated standard errors for the top wealth groups. For the top two grous;al pooling
reduces the estimated standard errors by more than half. There are diminishing returns with
smaller vales o&. The ‘a=0.25" pooling for the top two groups reduced the estimate by about a
third of the ‘a=0.5" estimate, and even using only information for the full sample (a=0) reduces
the estimate slightly beyond that.

In choosing a value & two factors provide particular motivation: the reduction in the
number of actual cases in the bootstrap samples of the list cases and the geographic variation in
the cases in those samples. As noted earlier, the standard error on a percent estimate from a
simple random sample with the average number of actual cases in a list sample replicate would
be about 50 percent larger than that for a simple random sample with the number of observations
in the full list sample. The contribution of the geographic variation to the variability of estimates
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is harder to characterize, but casua evidence suggests that it may be substantial. An additional
factor to consider is that given that almost 90 percent of the observationsin the list sample have
net worth of $100,000 or more, it would be very surprising if the final estimates of the
distribution of households over the top wealth groups was not less variable than estimates from
the AP sample alone. The choice of a=0.25 for pooling seems somewhere in an arguably
appropriate range, and it brings the estimated standard error below the adjusted AP estimate for
the top percent group and makes them nearly equal for the next highest group.’

Of course, one would not want to make a major adjustment to the standard error
estimation without considering the effects on the variability of other important estimates. Of a

Figure 4: Estimates of sampling variance of share of total net worth held by
families in different groups defined by the percentiles of the wealth distribution;
standard SCF estimates, estimates based on various pooled pooled post-strata
estimates, and estimate using area-probability sample alone (adjusted for sample
size difference); 1998 SCF.
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"Note that there may well still be comparable problems in variances estimate for statistics
computed at sub-national geographic levels. Because pushing the pooled adjustments to a lower
geographic level runs the risk of inducing other distortions, that approach is not proposed here.
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set of estimates that are strongly affected by the upper tail of the wealth distribution that have
been examined, a key set of statistics is the shares of wealth held by different groups of
households defined by the percentiles of the wealth distribution. Figure 4 shows standard error
estimates under the same range of pooling values used in figure 3. Because there is no analytic
formulafor the standard error of these estimates under simple random sampling, that comparison
isomitted here. The reduction in the standard error of the concentration estimates shows about
the same amount of reduction as was the case for the estimates of the percent of familiesin the
top wealth groups. Here the effect isseen in al groups. Thisresult islargely a function of the
fact that the denominator (total wealth) isless variable in the pooled estimates.

V. Conclusion

This paper considers the possibility that the variance estimates for some important
estimates using the SCF may be substantially over-estimated. An investigation of the underlying
estimation methodology reveals that the variability of some key estimates is dramatically
inflated at a point in the replicate weight calculation where the area-probability and list samples
in the survey are joined using a post-stratification technique. The post-stratum totals for the
number of households in various groups defined in terms of gross asset holdings are derived
largely from pooled estimates based on the survey data. Most importantly, the list sample
estimates are used to fix the size of the upper tail of the wealth distribution. Asit turns out, the
list sample estimates of these totals are highly variable under the bootstrap procedure. The
relationship between wealth and the stratifying variable in the list sample is not exact, and some
“misclassification” results. This type of error leads to variability in the weights within wealth
groups. Still, examination of the relationshyggests there is a sufficiently large correlation
between wealth and the stratifying variable that it is not credible that the outcome could be a
higher level of variability in the post-stratum estimates than under the AP sample. Two factors
have strong effects on the estimated variability. First, the distribution of the list sample cases
over the geographic areas in the replicate samples is much more varied than would have been
allowed in fact. Second, the actual (unduplicated) number of cases in the replicate samples
averages less than half the number of cases in the full list sample, the precision of the post-
stratum total estimates is strongly affected. To compensate for these factors, the paper argues for
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using estimates for the post-strata obtained by pooling information for the replicates with
estimates made using the full list sample.

Unfortunately, there is alarge arbitrary component of the choice of the pooling factor
proposed here. Work should continue in order to develop a foundation for the adjustment—or to
overturn it, it that is the appropriate outcome. Work should also be aimed at devising alternative
variance estimates that might be used to calibrate the bootstrap estimates. For the 2001 SCF,
there are plans to change the selection procedure for the list sample in a way that is likely to
sharpen the relationship between wealth and the stratifying variable. In past surveys, a single
year of income data has been used to estimate the wealth index used for stratification even
though it is known that income can be quite variable over time for reasons only loosely related to
current wealth levels. The plan is to extend the estimation to include at least one additional year

of income in hopes of smoothing out extraneous income variation.
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